Abstract
Introduction
Greenhouse climate control problem is to create a favorable environment for the crop on the purpose of reaching predetermined results for high quality, high yield and low cost. However, it is a very difficult control problem to implement in practice, due to the complexity of the greenhouse environment. For instance, they are highly nonlinear, strong coupled and Multi-Input Multi-Output (MIMO) systems, they present dynamic behaviors and they are largely perturbed by the outside weather (wind velocity, outside temperature and humidity, etc.) and also by many other practical constraints (actuators, moistening cycle, etc.). Over the past twenty years, various advanced control techniques and related strategies, such as predictive control [1] [2] [3] , adaptive control [4] , nonlinear feedback control [5] , fuzzy control [6] [7] [8] , robust control [9] , optimal control [10] and compatible control [11] are widely proposed for different types of greenhouse environment control. These studies are important to real-world engineering application in greenhouse production, and they can supply solutions to modern exploitations [12] .
However, most of these approaches are either complex in theoretical bases or difficult to implement in the actual greenhouse production, and the controller designs in the greenhouse engineering application mostly adopt the conventional proportional, integral, and derivative (PID) controllers owing to the simple architecture, easy implementation and excellent performance. In spite of this widespread usage, the effectiveness is often limited owing to poor tuning, and tuning PID controllers efficiently is up to this time an interesting research. A lot of tuning methods have been presented in the extant literatures, these include designs based on guess-and-check such as trial and error tuning method, based on linear control theory such as Ziegler-Nichols (Z-N) and Cohen-Coon methods (C-C), etc.. Nevertheless, these conventional tuning methods are hard to achieve the desired performance of the controlled greenhouse because there is nearly no effective analytical way of finding the optimal set of gain parameters, and they are mostly based on linear models, which are usually adjusted around operating points. Hence, new designs for self-adaptive online tuning the PID parameters have to be explored to regulate the greenhouse environment.
Owing to their powerful ability of approximating nonlinear functions, learning and adaptability, the design methods incorporating Radial Basis Function (RBF) network have been widely applied in the area of nonlinear adaptive control [13] [14] [15] . Motivated by the above mentioned, a model reference adaptive PD control scheme based on RBF neural network is presented for the greenhouse climate control in this work. It is anticipated that the combination will take advantage of the simplicity of PID controllers and the powerful capability of learning, adaptability and tackling nonlinearity of RBF networks. The main objective is to develop an online adaptive tuning method by employing RBF networks for greenhouse climate control with two PD loops of a MIMO process, which is characterized by strong interactions among process variables, nonlinearities and time-varying properties.
The rest of the paper is organized as follows. Section 2 describes the considered greenhouse climate dynamic model and greenhouse climate control problems. Section 3 describes RBF network structure, the corresponding control strategy and the adaptive tuning scheme based on Jacobian identification of RBF network. Section 4 presents the simulations and results. Finally, a conclusion and prospects are given in Section 5.
Description of Greenhouse Climate Control Problems

Greenhouse dynamic model
The greenhouse environment is a complex dynamical system. Over the past decades, people have gained a considerable understanding of greenhouse climate dynamics, and many methods describing the dynamic process of greenhouse climate have been proposed. Traditionally, there are two different approaches to describe it, one is based on energy and mass flows equations describing the process [16] [17] [18] [19] and another is based on the analysis of input-output data from the process by using a system identification approach [20] [21] [22] .
This paper deals with the first method for inside air temperature and humidity of a greenhouse, and its physical model describes the flow and mass transfers generated by the differences in energy and mass content between the inside and outside air, or by the control or exogenous energy and mass inputs [23] . Most of the analytic models on analysis and control of the environment inside greenhouses have been based on the following state space form: In order to effectively validate the performance of the proposed algorithm below, the considered greenhouse analytic expression is based on the heating/cooling/ ventilating model in this work, which can be obtained from many extant literatures [5, 24] . It can be summarized in the functional block diagram given in Figure 1 . Considering the related high costs, 2 CO supply systems have not an extensive use, therefore the related variables are not taken into account in this work. To simplify the model, we consider only some primary disturbance variables, such as solar radiation, outside temperature and humidity. According to the above analysis, the state equations have been formed based on the laws of conservation of enthalpy and matter, and the dynamic behavior of the states is described by using the following differential equations [24] : It is also worth noticing that, to a first approximation, the evapotranspiration rate  
is in most part related to the intercepted solar radiant energy, through the following simplified relation:
where T  is an overall coefficient to account for shading and leaf area index, dimensionless and T  is the overall coefficient to account for thermodynamic constants and other factors affecting evapotranspiration (i.e., stomata, air motion, etc.) [24] .
Greenhouse climate control problems
The climate model provided above can be used in all seasons, and two variables have to be controlled namely the indoor air temperature and the humidity ratio through the processes of heating ( is set to zero. The purposes of ventilation are to exhaust moist air and to replace it with outside fresh air, to control high temperatures caused by the influx of solar radiation, to dehumidify the greenhouse air when the humidity of the outside air is very low, to provide uniform air flow throughout the entire greenhouse, and to maintain acceptable levels of gas concentration in the greenhouse. Fogging systems (such as misters, fog units, or roof sprinklers) are primarily used for humidification of the greenhouse. In fact, fogging system also plays a cooling role due to evaporative cooling. Moreover, fresh air must be continually ventilated into the greenhouse, while warmed and humidified air to be exhausted. When humidifying is occurred under sunny conditions, ventilation is necessary since the greenhouse would soon become a steam bath without providing fresh dry air. The output nodes implement a weighted sum of hidden node outputs as follows:
where ij  is the connection weight of the jth hidden node to the the ith output node, and L is the number of output nodes.
Control strategy
Notice that the greenhouse dynamic system mentioned above, it is a two-input and two-output continuous time nonlinear system. In order to simulate its behavior on a digital computer, we adopt a fourth-order Runge-Kutta method with a small enough integration step. Hence, considering a typical digital positional PD control algorithm is generally given as:
where k and ts is iterative step and sampling time, respectively. the proportional and derivative terms of a PD controller, respectively. Combining RBF network with the conventional PD controller, we employ a hybrid model reference adaptive control strategy, and its structure is shown in Figure 3 . To avoid the windup caused by the interaction of integral action and saturations, we adopt limiters on the control law variations so that the controller output never exceeds the actuator limits, given as follows: 
The control signal is updated by Eq. 6. The energy function
 (11) and the parameters of PD are updated as: 
Where c  is the learning rate parameter; u y   is the Jacobian information of the controlled plant, which can be achieved by RBF network identification as follows:
Identification algorithm of RBF neural network
The structure of RBF network identification is shown in Figure 4 The identification algorithm of Jacobian information of controlled plant is stated below. The performance index function of controller is defined as: 
where  is an appropriate learning rate parameter, too low a learning rate makes the network learn very slowly, while too high makes the weights and objective function diverge, here, let  =0.4. Besides, it is to be noted that  and  can speed up convergence and help the network out of local minima. Here, the values of  and  are 0.05 and 0.01, respectively.
Experiments and Results
In order to verify the efficiency and good performance of the proposed model reference adaptive PD control scheme, a series of simulations experiments are presented in the present section. In this experiment, the ability of adaptive, tracking and smooth closed-loop response to set-point changes is demonstrated. To draw a comparison with the proposed method, we adopt another traditional adaptive PD control method based on RBF neural network, which has not any difference from the proposed method but not to using a reference model. We consider a pair of square-wave reference inputs to test its control performance. Indoor air temperature set-point changes between 32 and 21 ℃ every 2000 seconds, where the humidity ratio set-point changes between 18 and 23g[H2O]/kg[air] (which corresponds to a relative humidity change between 60% and 76%). The corresponding responses for set-point square-wave changes in temperature and humidity ratio are shown in Figure 6 . The results show that the model reference adaptive PD method is superior to the adaptive PD control method based on RBF neural network, and it has better adaptive and tracking performance. Table 1 shows the mean errors and standard deviations of temperature ( in T ) and humidity ( in H ). As can be seen, the values of mean error and standard deviation by adopting MRAC method is smaller than the adaptive PD control method. In addition, Figure 7 shows that the corresponding control signals of the two methods vary with the set-point changes during the tuning process. The results show that the MRAC method provides smoother control signals than the traditional adaptive PD control method, and it can avoid the serious oscillating of the actuators. From the above analysis, the proposed control scheme is superior to the traditional adaptive PD control scheme based on RBF neural network, and it has good adaptability, strong robustness and satisfactory control performance. In this paper, a model reference adaptive PD control scheme based on RBF neural network is presented for the greenhouse climate control problem. A model, characterized with nonlinear conservation laws of enthalpy and matter between numero- us system variables affecting the greenhouse climate, has been used to validate the proposed control scheme by tracking square-wave trajectory and being compared with the conventional adaptive PD control scheme based on RBF neural network. The results show that the proposed adaptive controller has a more satisfactory control performance than the conventional scheme, such as adaptability, robustness and set-point tracking. It can be applied in the nonlinear time-varying dynamical control systems like greenhouse climate system. Therefore, it may provide a valuable reference to formulate environmental control strategies for actual application in greenhouse production. The approach is not limited to greenhouse applications, but could easily be extended to other applications.
